Abstract-We present a sensitivity analysis of a simulation model for the evaluation of the performance of a renewable distributed generation (DG) network. Uncertainties in renewable energy sources, components failure and repair events, loads and grid power supply are taken into account. The sensitivity analysis is performed with respect to the characteristic uncertain variables associated to each type of DG technology available. The impact of these uncertain variables is evaluated in terms of two performance functions, global cost (C g ) and energy not supplied (ENS). The results show the trends of performance of the DGintegrated network under different conditions. This allows evaluating the impact of the different technologies.
INTRODUCTION
Distributed generation (DG) is defined as 'an electric power source connected directly to the distribution network or on the customer site of the meter' [1] [2] [3] . Hypothetically, the fact that the power flows through shorter paths reduces the amount of unsatisfied power demands, power losses and voltages drops [4] . Additionally, the modular structure of the diverse types of DG technologies allows lower investment risks [5, 6] .
The use of local renewable energy sources has become progressively more attractive for environmental sustainability (e.g. the Kyoto Protocol [3] ). Technologies like wind turbines, photovoltaic panels and hydropower turbines, among others, make renewable DG integration even more tempting.
Nonetheless, sizing and allocation of DG units must be carefully planned in order to avoid reduction of power quality and reliability, degradation of protection and control devices, voltage instability, and the consequent negative economic impacts [7, 8] .
Modeling can be used to evaluate different alternatives of renewable DG integration, for the purpose of informing and supporting decision-making. A fundamental issue to consider is the treatment of the inherently uncertain behavior of the renewable energy sources, the stochastic occurrence of unexpected failures and stoppages of power grid components, the variability in the power demands and energy prices, the fluctuations in the available main power supply, the overloads and interruptions in the feeders, the failures in control and protection devices, etc.
In this paper, we adopt a combined Monte Carlo and optimal power flow (MCS-OPF) simulation framework for evaluating a renewable DG-integrated network and perform a sensitivity analysis on the uncertain variables, in order to evaluate their impact over the two performance functions considered, global cost (C g ) and energy not supplied (ENS). By breaking down the specific effects, one can identify relations and relative importance which can direct to the implementation of scenarios reduction techniques and model simplifications to decrease computational efforts and uncertainty reduction techniques. Furthermore, from the decision makers' point of view, sensitivity analysis can be used for better understanding the model and having clear information for solid decisionmaking.
II. RENEWABLE DG-INTEGRATED NETWORK SIMULATION

MODEL
In this section, we present the MCS-OPF model. We do this with reference to a case study, and in the following we introduce the definition of the configuration of the DGintegrated network, the uncertainty sources and their treatment, the random generation of operating scenarios and the formulation of the OPF. The outputs of the MCS-OPF model are the probability density functions of the network performance metrics, the C g and ENS.
A. Renewable DG-Integrated Network Configuration
The exemplary DG-integrated network considers four types of components: renewable DG units, main power supply spots (MS), nodes and feeders. Renewable DG units and MS are power sources; the nodes correspond to the locations at which the renewable DG units, MS and power loads are located. Feeders connect different nodes and through them the power is distributed.
In this work, the renewable DG units are considered of four types of technologies: solar photovoltaic (PV), wind turbines (W), electric vehicles (EV) and storage devices (ST).
The notation used to indicate the sets and subsets of components of the DG-integrated network is: N, FD, MS and DG are the sets of all nodes, feeders, all main power supply sources and all DG technologies, respectively; PV, W, EV and ST are the subsets of DG technologies available, respectively, solar photovoltaic, wind turbines, electric vehicles and storage devices. PS denotes the set of all power sources MS DG.
To indicate the location and capacity size of the power sources, the configuration is represented in matrix form:
where i N, j PS i,j is a non-negative integer that indicates the number of units of the power sources type j allocated at node i.
The feeders are defined by the pair of nodes (i,i') connected by a distribution line .
i,i' N
Power sources, MS and DG, and feeders, FD, are subject to operational uncertainties, so that at any time instant the actual performance of the network is strongly dependent on the current operational configuration and operating scenario. Moreover, if the distribution network is a 'price taker', the economic conditions depend on the uncertain behavior of the power demand, directly impacting over the variability of the energy price [5, 9] .
B. Uncertainty Modeling
The network operation is dictated by the location and magnitude of the power available and by the loads. Uncertainty is present because of stochasticity in the states of operation of the components, due to degradation and failures, and in the behavior of the renewable energy sources. These uncertainties have a direct impact on the power available (from the DG units, MS spots and/or FD) to satisfy power demands, which are, in turn, also subject to variability.
To emulate the operation of the DG-integrated network under these uncertain conditions, we adopt different stochastic models (TABLE I) [1, 7, 10, 11] 
Parameters
Power output function 
ST R P : rated power (kW)
The power available in the power sources depends on the corresponding state of operation and power output function. In the case of MS spots, the power output is directly the uncertain variable P MS , whereas for each DG technology the power output is a function of the corresponding uncertain variable that represents the behavior of the energy source: s, ws, op EV (2), (3), (4) and (5), respectively, and summarized in TABLE II [1, 7, 10, 11] .
C. Monte Carlo -Optimal Power Flow Simulation
In the present paper, non-sequential MCS is used to randomly sample the uncertain variables, without dependence of previous operating conditions. For the given DG-integrated FD}, each uncertain variable is randomly sampled. We indicate by a vector the resulting realization of the operational scenario, as below.
FD} and characterize the conditions of the network operation in terms of location and magnitude of the power available in the power sources and demanded at the loads. Then, the performance of the distribution network is evaluated through the OPF model. Power flow analysis is performed by DC modeling, which accounts solely for active power flows, neglects power losses and assumes the voltage of the network as constant [12] . For a given configuration { ,FD} and operational scenario the formulation of the OPF problem is:
where, ts (h) is the duration of the scenario , Co ($) is the operating cost of the total power supply, Pu (kW) are the available and used power in the source type j at node i, respectively and V (kV) is the nominal voltage of the network. The load shedding i LS (kW) is defined as the amount of load disconnected at node i to alleviate overloaded feeders and/or balance the demand of power with the available power supply. Equation (7) accounts for the OPF objective, the minimization of the operating cost associated to the generation of power for a given scenario of duration ts. Equation (8) corresponds to the power balance equation at node i, whereas equation (9) represents the bounds of the power generation and equation (10) considers the technical limits of the feeders.
D. Performance Evaluation: ENS and C g
Given a set of ns sampled operational scenarios , the OPF is solved for each one of them, giving in output the values of C g and ENS.
ENS is a common index for reliability evaluation in power systems [4] . In the present work, its value is obtained directly from the OPF in the form of the aggregation of all-nodal load shedding per scenario as expressed below:
The C g of the distribution network is formed by two terms. The first one is composed by the investment-installation and the fixed operating costs that are prorated hourly over the life of the project. The second includes the variable term related to the operating cost that depends on the power generation and supply, and correspond to the output of the OPF (equation (7)). In addition, this term considers revenues associated to the renewable sources incentives. Considering the distribution network as a 'price taker' entity, the profits depend on the value of the energy price that is correlated with the total load in the network. As an intermediate approximation of existing studies (e.g. [5, 9] ), the proportional correlation used in this study can be expressed as: (12) where, ep and ($/kWh) is the energy price and TL (kW) is the total load in the network; ep max ($/kWh) is the energy price corresponding to the maximum total load point TL max (kW).
Thus, the global cost function is given by:
Ci& o -inc ep TL Pu ts Co tz (13) where, Ci&o j ($) is the investment and fixed operating costs of the power source j, respectively, tz (h) is the lifetime of the project and inc ($/kWh) is the incentive for generation from renewable sources.
III. APLICATION
We consider a distribution network adapted from the IEEE 13 nodes test feeder [13] in which feeders of length zero, the regulator, capacitor and switch are neglected. Even though the network is small, it presents the relevant characteristics of interest for the analysis, e.g. the presence of a main power supply spot and comparatively low and high spot and distributed load values. The original design of the IEEE 13 nodes test feeder is such that the total power demands are satisfied without overloaded feeders: we modify it so that it becomes of interest to consider the integration of renewable DG units. Specifically, the location and values of some of the load spots and the ampacity values of some feeders have been modified in order to generate conditions of power congestion of the lines, leading to shortages of power supply to specific portions of the network.
A. DG-Integrated Network Description
The distribution network presents a radial structure of n=11 nodes and fd=10 feeders, as shown in Fig. 1 . The nominal voltage is V=4.16 (kV), constant. The nodal power demands are reported in Fig. 2 
The technical parameters, failure and repair rates and costs of the MS and the four different types of DG technologies available to be integrated into the distribution network (PV, W, EV and ST) are given in Table IV . The values of the parameters of the Beta and Rayleigh distributions describing the variability of the solar irradiation and wind speed are assumed constant in the whole network, i.e., the region of distribution is such that the weather conditions are the same for all nodes.
The hourly per day operating states probability profile of the EV is presented in Fig. 3 .
The value of the incentive for renewable kWh supplied is taken as 0.024 ($/kWh). The maximum value of the energy price ep max is 0.11 ($/kWh). Fig. 3 . Hourly per day probability data of EV operating states.
We propose three configurations DG for the analysis based on their relative expected performance (EENS, EC g ) (kWh, $). , 160.91) , respectively. The three distributed configurations of the DG-integrated networks represented by their expected available power output P (kW) are reported in Fig. 4 . 
B. Sensitivity Analysis
A sensitivity analysis is performed considering PV, W and ST technologies. Then, the solar irradiance s, the wind speed 
C. Results and Discussion
The histograms of the aggregated behavior of the sampled nodal power demands L i and the overall available Pa and used power Pu from all the power sources (MS and DG), obtained from the simulation of each of the three DG-integrated network configurations DG , are shown in Fig. 5 . The breakdown in overall total load during day and night is also presented. The total load is composed of three main peaks. The first peak, 1500-2000 (kW), corresponds to the low power demand range during the night, 24 to 6 hours. The second and third peaks represent the high ranges of load, 2250-2500 and 2500-2750 (kW), which take place within the intervals 11 to 15 and 18 to 22 hours during the day, respectively.
With respect to the power generation, Pa corresponds to the upper limit of the power that can eventually be used under specific operating conditions to satisfy a certain level of load. In the present case, it is possible to observe a central common peak (overall, day and night) in the aggregated Pa and Pu that corresponds to the normally distributed MS power contribution. The lower frequencies in the range of power 1750-2250 (kW) are due to the absence of PV power supply during the night. Furthermore, there are slight differences between Pa and Pu, explained by the fact that for almost all the simulated operating scenarios Pa is not enough to satisfy the nodal loads. Indeed, the operating scenarios for which the total demand of power is completely satisfied are quite rare, with probabilities 3.4e-3, 3.4e-3 and 2.6e-3 for each configuration 1 DG , 2 DG and 3 DG , respectively. These scenarios take place mainly during the low load range interval (night), in correspondence of which the OPF model 'decides' to use less than the available MS power, privileging the use of DG power. 6 reports the empirical probability density functions (pdfs) of ENS and C g , and their respective day-night breakdown. The outcome pdfs for ENS are coherent with the behavior of the total load and total available power. Low levels of power demand during the night range lead to low levels of energy not supplied, even if no PV power is available. On the other hand, the increment of power demand during the day is considerably higher than the contribution of PV power, resulting in a frequency peak of high ENS values. In the case of C g , the overall performance is characterized by a reduction during the day interval. This can be explained by the incentive over DG power generation that promotes the use of renewable DG units above MS. Losing the PV generation during the night, the corresponding incentive and revenues per kWh sold are lost, thus incrementing the global costs of the network. Fig. 7 shows the normalized power output functions and their empirical probability distribution functions per DG generation unit. As shown in Fig. 7(B) , the probabilities to obtain higher power outputs, and therefore, better expected performances (EENS, EC g ) by W and ST technologies are higher than by PV. The probability of occurrence of the extreme scenarios in which the DG technologies generate at full capacity P max , is remarkably higher in the case of W 0.550) than ST and PV ( 0.025 and 0.015, respectively). Considering that the impact of each uncertain variable s, ws and Q ST on the expected network performance is 'amplified' by the installed capacity of each corresponding DG technology, we focus on the reduction that results when the aggregated power output of the generation units is normalized by the maximum power capacity installed, i.e., (Fig.  7(A) ) reflect into the behavior of EENS and EC g for each uncertain variable. Moreover, in the cases of PV and W technologies the corresponding relations between EENS, s and ws are practically one-to-one, i.e., when these technologies operate individually at 1×kW max , EENS decreases approximately of 1 (kW). It is important to notice that EENS cannot be greater than 1 (kW), i.e., considering the singular effects of one of the variables w, EENS cannot diminish more than the maximum unitary power output. In the present case, for W and ST EENS is reduced more than 1 (kW) when ws or Q ST are in the ranges of generation of 1×kW max . This could be explained by their respective empirical pdfs, which are such to allow the realization of a broader spectrum of values ws and Q ST (Fig. 7 (B) ). EC g , the reduction at maximum unitary power is slightly higher for PV than W and ST, and more evident in configuration 1 DG which presents the larger amount of PV power installed 149.53 (kW). The variability of EC g for ST is accentuated when the power installed is lower, so that the impact of the variable Q ST over the network performance is not significant, as shown in Fig. 8 for the configuration 3 DG .
In general terms, W technology leads to the highest reductions of EENS and EC g , than PV and ST. In addition, the probability that W operates at maximum power generation conditions implies that the occurrence of cases with more beneficial performance is more frequent than the opposite cases (Fig. 7) .
IV. CONCLUSIONS
We have presented a sensitivity analysis of a combined Monte Carlo and optimal power flow simulation model for the performance evaluation of a renewable distributed generation network. The inherent uncertain behavior of renewable energy sources, the fluctuations in the loads and the possibility of failures of network components are taken into account for emulating the stochastic operating scenarios. The sensitivity analysis is performed over the characteristic uncertain variables of the DG technologies of interest, PV, W and ST. The respective impacts of the solar irradiance, the wind speed and the storage level of one block of storage devices are evaluated over the two DG-integrated network performance functions considered, global cost and energy not supplied.
Three different DG-integrated network configurations have been considered for the exemplification of the analysis. The results obtained show the coherence of the outcome pdfs for ENS and C g with respect to the day-night behavior of the total load and available power, and how the incentive and revenues per renewable kWh promote the use of renewable DG units. The introduction of the empirical reduction curves of EENS and EC g , as functions of the uncertain variables of interest, allows comparing their impact independent of the 'amplifying' effect produced by the number of DG units installed. Moreover, the integrated analysis of the empirical reduction EENS EC g for each uncertain variable and their respective empirical pdf enables trade-offs between possible benefits and probability of occurrence, indicating which DG technology is more suitable for specific preferences of the decision makers.
